1. Introduction {#s0005}
===============

After awakening from coma, some patients remain unresponsive while others show behavioral features that are taken as signs of awareness ([@bb0120], [@bb0140]). The reliance on behavioral criteria for the diagnosis of such disorders of consciousness (DOC) may be suboptimal, because impairments in the patients\' motor system can obscure signs of consciousness ([@bb0105]). These considerations have sparked the development of 'active paradigms' that rely on electroencephalography (EEG) or neuroimaging tools to detect signs of patient awareness during mental tasks ([@bb0020], [@bb0090], [@bb0115], [@bb0130], [@bb0165], [@bb0170], [@bb0225], [@bb0245]). Though promising, some active paradigms rely on higher-order cognitive abilities such as language comprehension or attention. In addition, putative electrophysiological markers of awareness such as the mismatch negativity may be absent in patients that do show behavioral signs of consciousness ([@bb0090], [@bb0115], [@bb0130], [@bb0245]). Moreover, a necessity for active paradigms is that the patients\' sensory pathways are intact, which may not always be the case. Thus, diagnostic tools that are independent of the patients\' neurocognitive abilities and integrity of sensorimotor pathways may offer a substantial improvement on existing tools.

Accordingly, task-free paradigms, in which the patient is not required to follow instructions or process stimuli, have recently gained traction ([@bb0030], [@bb0055], [@bb0080], [@bb0180], [@bb0200], [@bb0205], [@bb0230]). For instance, using positron emission tomography, [@bb0230] were able to predict the presence and later emergence of consciousness in patients with DOC. Similarly, the cortical spread of EEG activity following transcranial magnetic stimulation dissociates patients with unresponsive wakefulness syndrome (UWS) from those in the minimally conscious state (MCS) ([@bb0180]). However, these paradigms necessitate the use of costly or impractical equipment, and may therefore not offer the most convenient diagnostic procedures. Task-free EEG spectral amplitude and variance metrics have shown promise as diagnostic and prognostic markers ([@bb0200], [@bb0205]), but thus far have been limited in their ability to dissociate UWS from MCS patients ([@bb0205]), and provide only dichotomous prognoses without specifying the expected level of recovery ([@bb0200]). In contrast to amplitude and variance metrics, the potential diagnostic and prognostic value of spectral EEG connectivity metrics during task-free measurements have yet to be explored.

Several findings suggest that spectral EEG characteristics may be indicative of the level of consciousness (LoC) in patients with DOC. Compared to fully conscious control participants, patients with DOC consistently show a reduction in the amplitude of oscillations in the α and β bands, and often show a concurrent increase in θ and δ amplitude ([@bb0040], [@bb0145], [@bb0150], [@bb0240]). Furthermore, during auditory processing, entropy metrics of cortical information exchange vary monotonically across LoC ([@bb0125], [@bb0225]). These and other ([@bb0105], [@bb0135], [@bb0190]) findings have been proposed to reflect discontinuities in the thalamo-cortico-thalamic circuit that disrupt large-scale functional interactions, and thereby enable local cortical properties to shape the spectral dynamics ([@bb0105], [@bb0185], [@bb0195]). However, it is unclear to what extent such accounts capture longitudinal spectral changes across patients\' recovery, because comparisons between LoC have almost exclusively been conducted using cross-sectional (between-group) designs.

Here, we report a longitudinal study in which we acquired a total of 74 task-free EEG measurements over the course of patient recovery from severe acquired brain injury. We explored the feasibility of diagnosis and prognosis of DOC within individual patients based on the amplitude and connectivity of neural oscillations, using state-of-the-art analysis methods. We found that nonlinear frequency band-specific changes in these metrics occur over the course of patients\' recovery, and that these changes align well with the metrics\' frequency band-specific diagnostic value. Strikingly, we found that connectivity during a single task-free EEG measurement predicted the level of patient recovery approximately 3 months later with a high level of accuracy. These results identify task-free EEG amplitude and connectivity as reliable diagnostic and prognostic markers of DOC, which can be inexpensively acquired at bedside and are completely independent of the patients\' neurocognitive abilities. Furthermore, our results tentatively suggest that the preservation of reverberant thalamo-cortical interactions predicts later reemergence of consciousness, and thus may yield new insights into the neural mechanisms underlying recovery following brain injury.

2. Materials and methods {#s0010}
========================

2.1. Participants {#s0015}
-----------------

Sixteen patients (12 male) with severe brain injury, who participated in an 'Early Intensive Neurorehabilitation Programme' ([@bb0065], [@bb0060], [@bb0075]) between November 2002 and January 2004, were included in the study. Age at the time of injury ranged from 5.5 to 25.2 years (Median = 17.6 years; SD = 4.8). Time since injury at admission ranged from 44 to 136 days (Median = 66.5 days; SD = 22.6). All but six patients suffered from traumatic brain injury caused by traffic accidents. Patients participated in the programme for 45 to 197 days (Median = 102 days; SD = 37.6). See [Table 1](#t0005){ref-type="table"} for a detailed description of the patients\' characteristics.Table 1Patient characteristics.Table 1PMsM/FAgeCauseInitial CT scan (s)\*GCST1T2T3LoC1LoC-discharge*n*114M19,9ExplosionSkull fracture, diffuse swelling, high intracranial pressure, intracerebral and contusion haemorrhages, right (sub)cortical, left cortical, and brainstem lesion.42576197381026F22,1MedulloblastomaEncephalopathy?0577068135M5,5Near-drowningHypoxia/anoxia, oedema, ischemia, atrophy, diffuse axonal injury?6566332142M17,6Traffic accidentEpidural haematoma (right).2 t728013932757M6Near-drowningHypoxia/anoxia, diffuse axonal injury3 t8568336268M20,8Traffic accidentPunctual haemorrhages, intracerebral haemorages, contusion haemorrhages, atrophy, diffuse axonal injury4356010512674M15,4Traffic accidentSkull fractures, arachnoid haemorrhages, contusion and punctual haemorrhages (right frontal, temporal, parietal), diffuse swelling.43313611225587M20,4Traffic accidentN.A.528698257293M25,2Traffic accidentSkull fracture, oedema and punctual haemorrhages (cortical), diffuse swelling, and diffuse white matter lesions.2 t656477274104M8,4Cerebral haemorrhagesIntraventricular and intracerebral haemorrhages, left cortical.2 t3381119375118F18,8Traffic accidentOedema, ischemia, high intracranial pressure, diffuse swelling.32949115468123M17,5Traffic accidentOedema, intraventricular and intracerebral haemorrhages, focal lesions (subcortical, brainstem), diffuse white matter lesions.4134492383137M21,8Traffic accidentPuntual haemorrhages, intraventricular haemorrhage (left), diffuse swelling, diffuse axonal injury.52671105238145F15,7Traffic accidentSubarachnoid haemorrhage (right), high intracranial pressure, oedema (right subcortical and brainstem).4306099267159M17,2Traffic accidentIntraventricual haemorrhages (bilateral), multiple punctual haemorrhages, Large haemorrhage in basal ganglia, and right frontal, oedema (mainly left perventricular white matter).36280157251164F15,2Pneumonia + sepsis shockHypodensity in basal ganglia and cortical temporoparietal, anoxia, cortical and cerebellar atrophy, diffuse white matter lesion.35710245244[^1]

A healthy control group consisted of 16 individuals (8 male), aged from 5.8 to 25.2 years (Median = 18.33; SD = 5.8). Patients and controls did not differ in age (*t*(15) = 0.71, *p* = 0.5). All patients and the healthy control group participated in this study following informed consent given by one of the parents, a legal representative or partner (patients and controls younger than 16 years), or by themselves (controls of 16 years or older). The study was approved by a medical ethics committee (METTOP).

2.2. Observation scale {#s0020}
----------------------

We categorized the patients\' LoC based on the definitions described by 'the International Working Party on the Management of the Vegetative State' ([@bb0010]), and the Aspen Neurobehavioural Conference ([@bb0095], [@bb0100]). The categorization describes a comatose state, three vegetative sub-states, three nonvegetative sub-states, and a conscious state (see Supplementary Table 1 for a detailed classification scheme). This classification scale, now named the Post-Acute Level of Consciousness scale (PALOC-s), has a high reliability and validity ([@bb0070]). Supplementary Fig. 1 shows PALOC-s scores per measurement. Linear mixed model analysis ([@bb0160]) (see below) showed that PALOC-s score increased significantly (F(1,16) = 16.40, *p* = 0.001) across measurements, indicating that the patients improved over time. In a second step the PALOC-s classification was reduced to three levels: levels 1, 2, and 3 were defined as UWS, levels 4, 5, and 6 as MCS, levels 7 and 8 as exit from MCS (eMCS) or conscious state.

2.3. Procedure {#s0025}
--------------

Nine days after a patient was admitted to the treatment programme the first measurements took place. Patients were examined while they were lying in a bed in a quiet room with a constant temperature (23 ± 1 °C). Every two weeks the (eyes open) EEG measurement of 3 min took place at the same time of the day (between 10:30 a.m. and 11:30 a.m.).

Every two weeks the rehabilitation physician determined the LoC based on the categories described in Supplementary Table 1. These assessments were performed until the patient was discharged from the programme. The programme was completed when 1) a patient qualified for regular rehabilitation because of recovery of consciousness and cognitive abilities, or 2) a patient did not show any recovery for a period of at least six weeks. These different recovery courses led to a variation in time span of the patients\' participation in the study and in the number of measurements.

2.4. EEG collection and preprocessing {#s0030}
-------------------------------------

Brain activity was recorded using actively shielded pin-electrodes, by means of the ActiveTwo System (BioSemi, The Netherlands) at a sampling rate of 2 kHz. The electrodes were placed by using a head cap and electrode gel (Parker Signa) according to the 10/20 system, at F3, Fz, F4, C3, Cz, C4, Pz, and Oz. Horizontal EOG was recorded from two electrodes placed at the outer canthi of both eyes. Vertical EOG was recorded from electrodes above and below the two eyes.

We used functions from the EEGLAB toolbox ([@bb0050]) and custom MATLAB code to preprocess the EEG data. First, EEG data were down-sampled the data to 1 kHz to speed up computation and rereferenced off-line to the average of the mastoid electrodes. Next, we removed line noise by applying a notch filter (50 Hz), and removed any additional high-frequency noise (e.g., harmonics of line noise) by applying a low-pass filter at 100 Hz. Additionally, we removed slow drifts related to changes in galvanic skin properties using a high-pass filter with a 0.5-Hz cut-off. All filters were two-way, least-squares, finite impulse response filters, and designed using the 'fir1' function in MATLAB 2012a. This type of filter does not introduce spurious phase consistency of oscillatory activity ([@bb0045], [@bb0025]), which can sometimes occur with infinite impulse response filters, and so will not bias connectivity estimates. After filtering, we rereferenced the pairs of vertical and horizontal EOG channels to each other, rereferenced all scalp electrodes to the common average, and segmented the data into non-overlapping epochs of 2 s duration.

Next, data segments containing artifacts were automatically detected using three criteria: the joint probability (3.5 SD cut-off), electrode kurtosis (3.5 SD cut-off), and a voltage threshold (± 100 μV). In addition, data segments containing transient muscular activity or eye-movement-related artifacts were manually selected. On average, 14% (SD 11) of the data of the patient group and 10% (SD 2) of the data of the control group was marked as artefactual. After the rejection of artefactual segments, on average 170 s (SD 30) of clean data remained for the patient group, and 163 s (SD 8) for the control group. The amount of clean data did not differ between the patients and controls (*t*(90) = 0.99, *p* = 0.33), or between the different levels of consciousness within the patient group (all *p* values \> 0.17). A flowchart of the preprocessing steps is shown in [Fig. 1](#f0005){ref-type="fig"}.Fig. 1Flowchart depicting all analysis steps.Fig. 1

2.5. Frequency band-specific amplitude {#s0035}
--------------------------------------

For all segments of clean EEG data we computed the fast Fourier transform (FFT). To enable the comparison of values across participants, we expressed the amplitude at each frequency as a percentage of the total spectrum (the summed activity across all frequencies), separately per electrode. We produced a metric of global frequency band-specific power by averaging FFT amplitude across electrodes and across frequencies within 4 canonical frequency bands: δ (1--3 Hz); θ (4--7 Hz); α (8--15 Hz); β (16--31 Hz). In addition, we computed the ratio in amplitude between the α and δ bands, as used in earlier studies ([@bb0035], [@bb0085]). We did not include the γ band because of controversy over the ability of surface EEG to reliably detect it ([@bb0250]).

2.6. EEG connectivity {#s0040}
---------------------

We used correlation of orthogonalized amplitude envelopes as our measure of EEG connectivity ([@bb0110], [@bb0220]). The continuous (unsegmented) data of each recording of each participant were passed through a series of band-pass filters to isolate activity within the 4 canonical frequency bands (δ, θ, α, and β, see above). We filtered the continuous data rather than segmented data to prevent the introduction of edge artifacts that would otherwise occur around the segments\' outer bounds. We again used two-way, least-squares, finite impulse response filters to ensure that no phase shifts would occur. For each EEG electrode and frequency band (*f*), excluding the segments that were previously identified as containing artifacts, we computed the complex analytic signal (*X*) over time (*t*) via the Hilbert transform (using the 'hilbert' function in MATLAB 2012a).

Given their heterogeneity in aetiology, the patients most likely differed from each other as well as from the control group in terms of volume conduction. That is, the patients\' cerebral architecture is compromised, and in a way that varies across patients. Thus, the point spread of brain activity across the scalp most likely varies across patients as well. To accurately estimate connectivity across scalp electrodes, we therefore needed to account for the influence of volume conduction and differences between groups / patients therein. To do so, we adopted a previously established procedure ([@bb0110]). Specifically, we orthogonalized the complex analytic signal of each electrode to that of each other electrode ([@bb0110]) using the following equation:$$Y_{\bot X}\left( {t,f} \right) = \text{imag}\left( {Y\left( {t,f} \right)\frac{X\left( {t,f} \right)^{\ast}}{\mid X\left( {t,f} \right) \mid}} \right),$$where *X*, *Y* ∈ *S* and *S* denotes the set of analytic signals of all electrodes, and \* denotes the complex conjugate. *Y*~⊥* X*~(*t*, *f*) represents the signal *Y* orthogonalized to signal *X*, at time point *t* and frequency band *f.* For each frequency band and electrode pair we then computed the Pearson correlation coefficient between ln(\| *Y*~⊥* X*~ \| ) and ln(\| *X* \| ). This can be interpreted as computing the correlation between the log-transformed orthogonalized amplitude envelopes, or in other words, the extent to which activity within canonical frequency bands cofluctuated across brain regions. We performed the orthogonalization and correlation in both directions, from signal *X* to *Y* and from signal *Y* to *X*, yielding two correlation coefficients per electrode pair. These correlation coefficients were subsequently averaged. In all cases where correlation coefficients were averaged, we applied Fisher\'s r-to-z transform prior to averaging, and subsequently applied the z-to-r transform.

For each participant, this procedure resulted in a frequency band (δ, θ, α, β) by electrode (F3, Fz, F4, C3, Cz, C4, Pz, Oz) by electrode (F3, Fz, F4, C3, Cz, C4, Pz, Oz) (size: 4 by 8 by 8) matrix of correlation coefficients that indicated the strength of connectivity between pairs of electrodes, corrected for the effect of volume conduction. Next, we computed a frequency band-specific metric of global brain connectivity by averaging across the lower triangular part of the connectivity matrices (excluding the diagonal). This indicated, for each frequency band, the average connectivity across all unique electrode pairs. We focus on global connectivity for three reasons. First, the number of statistical tests is greatly reduced by collapsing across electrode pairs, which alleviates the need for a stringent correction for multiple comparisons. Second, as noted above, there was substantial heterogeneity across patients in aetiology. By considering only global dynamics, our results are less likely to be dominated by idiosyncratically located focal disturbances in brain processing. Instead, the metric putatively reflects (pathological) connectivity that is shared by the entire cortex and thus captures processes that are pervasive in nature. Third, such shared cortical dynamics arguably reflect processes that have more profound consequences for patient recovery than localized effects ([@bb0195]). All *t-*tests that involved connectivity were performed on Fisher\'s r-to-z transformed correlation coefficients.

To confirm that the orthogonalization procedure effectively reduced spurious correlations in the amplitude envelope across EEG electrodes, we compared the orthogonalized amplitude envelope correlation with the amplitude envelope correlation that was computed on non-orthogonalized signals, separately for each group and each frequency band, using paired sample *t*-tests. In other words, we computed the connectivity metrics on the data to which all preprocessing steps were applied, except for the orthogonalization procedure. If signal orthogonalization effectively reduced spurious correlations, then the connectivity metrics that were computed using orthogonalized signals should be lower compared to connectivity metrics that were computed using non-orthogonalized signals. As expected, for both patients and control participants, the orthogonalization reduced the strength of connectivity significantly for all frequency bands (all *p*\'s \< 0.0001). Thus, the orthogonalization was effective in reducing spurious correlations.

2.7. Linear discriminant analysis {#s0045}
---------------------------------

We used linear discriminant analysis (LDA) to explore whether frequency band-specific EEG amplitude and connectivity can be used to reliably dissociate patients with DOC from healthy control participants and from each other. That is, LDA was used to establish to what extent amplitude and connectivity metrics contain diagnostic information, at the individual patient level. In addition, we used receiver operated characteristic (ROC) analysis to examine to what extent the amplitude and connectivity of individual frequency bands contributed to the classifier. Second, we explored whether EEG amplitude and connectivity during the first measurement upon admission to the study also contain prognostic information by using LDA to predict each patient\'s chances of recovery.

We implemented the LDA with a naïve Bayes classifier, using the 'classify' function in MATLAB 2012a. The classifier fitted a multivariate normal density to each group with diagonal covariance matrix estimates ('diaglinear' selected as 'type'), and then used likelihood ratios to assign observations to groups. 'Groups' here refers to either patient/control, patient groups (UWS/MCS), or outcome measures (UWS/MCS/eMCS). 'Observations' refer to the features that the classifier relied on: FFT amplitude, connectivity, or a combination of both. For each classification, unless mentioned otherwise, we report the combination of features that presented the highest degree of classification accuracy, quantified as the percentage of participants that were correctly assigned to their respective group by the classifier. In all cases, classification was performed using a leave-one-out procedure. Specifically, we first trained the classifier on the whole group of participants minus one, and we then used this trained classifier to predict to which group the left-out participant belonged. We did this for each participant separately so that eventually we obtained a prediction for each participant based on the rest of the participants.

The statistical significance of classification accuracy was assessed using non-parametric permutation testing. For 10,000 iterations we shuffled the assignment of observations to groups, and repeated the leave-one-out procedure. In cases where we tested multiple combinations of features, we computed all possible combinations of features (15 possible combinations when using only amplitude or only connectivity features, and 255 possible combinations when using both amplitude and connectivity features) in each iteration of the permutation test. This resulted in an aggregate distribution of 'accuracies' under the null hypothesis, corrected for the selection of a subset of features from the total possible feature set. We then calculated a *p* value (corrected for multiple comparisons across features) for the observed classification accuracy as the proportion of (aggregated) null accuracies that were more extreme than the true accuracy. Similarly, we tested the significance of the ROC analyses by comparing the area under the ROC curves to null distributions generated with permutation testing.

2.8. Longitudinal analyses {#s0050}
--------------------------

We used linear mixed models ([@bb0160]) with maximum likelihood estimation to assess changes in spectral amplitude and connectivity over the course of patient recovery. In other words, we used linear mixed models to examine within-participant changes in amplitude and connectivity across patient recovery, and assessed the statistical significance of these changes at the group-level. Mixed models are ideally suited for repeated-measures designs with a varying number of samples per participant. We tested linear, exponential, and quadratic models with random slopes and intercepts across the 3 LoCs (UWS, MCS, and eMCS), with both the participants and LoC as random factors, and amplitude/connectivity as dependent variables. In each instance of the statistical test, we selected the covariance model that minimized the Akaike information criterion ([@bb0005]) and Bayesian information criterion ([@bb0210]), and therefore provided the best fit. All mixed-model analyses were conducted using SPSS Statistics 23.

3. Results {#s0055}
==========

3.1. Global and broad-band EEG activity distinguishes patients with DOC from controls, and from each other {#s0060}
----------------------------------------------------------------------------------------------------------

We collected a total of 74 task-free EEG measurements at bedside from 16 patients diagnosed with DOC, using the Post-Acute Level of Consciousness scale (PALOC-s) ([@bb0070]), and an additional 16 measurements from healthy age- and education-matched control participants. [Table 1](#t0005){ref-type="table"} summarizes the demographics of the patient population and the number of measurements per patient. Our first objective was to characterize group-level differences in spectral activity between patients and controls. To do so, we compared global spectral amplitude and connectivity during each patient\'s first measurement after entering the study to healthy controls, using independent-sample *t-*tests. Compared to healthy control participants, the patients showed an increased amplitude of oscillations in the δ and θ bands, but reduced amplitude in the α and β bands ([Fig. 2](#f0010){ref-type="fig"}A; δ: *t*(30) = 2.83, *p* = 0.004; θ: *t*(30) = 2.20, *p* = 0.018; α: *t*(30) = − 3.17, *p* = 0.002; β: *t*(30) = − 6.14, *p* \< 0.001). The group-collapsed full amplitude spectrum is shown in Supplementary Fig. 2. Supplementary Fig. 3 shows midline spectra for each measurement of each patient, and includes the LoC per measurement. Similar to increased low-frequency amplitude, the patients showed hypersynchronous activity in the δ and θ bands, and hyposynchronous activity in the α band ([Fig. 2](#f0010){ref-type="fig"}B; δ: *t*(15) = 2.51, *p* = 0.02; θ: *t*(15) = 2.95, *p* = 0.01; α: *t*(15) = − 3.94, *p* = 0.001; β: *t*(15) = − 0.38, *p* = 0.71). Thus, compared to controls, the patients showed pronounced differences in both amplitude and connectivity that spanned a wide spectral range. Such global spectral disturbances in patients with DOC are consistent with earlier reports ([@bb0040], [@bb0145], [@bb0150], [@bb0240]), and are indicative of widespread pathophysiological cortical activity.Fig. 2Global spectral amplitude and connectivity. A) Amplitude per frequency band for each group. B) Connectivity per frequency band for each group. Error bars denote the SEM. \**p* \< 0.05; \*\**p* \< 0.01; \*\*\**p* \< 0.001; n.s. nonsignificant.Fig. 2

Our next objective was to determine to what extent spectral amplitude and connectivity ([Fig. 1](#f0005){ref-type="fig"}) can aid the diagnosis of DOC at the level of individual patients. To do this, we used a naïve Bayes classifier. The classifier relied on frequency band-specific amplitude, connectivity, or a combination thereof, to predict the group of each individual (patient or control). The statistical significance of classifier accuracy was assessed with permutation testing. When using amplitude in all frequency bands to distinguish the patients from participants in the control group, the classifier performed with an accuracy of 81% (26 out of 32 individuals assigned to the correct group, *p* \< 0.001). Second, classification based on connectivity in the δ, θ, and α bands was also highly accurate (88%, 28 out of 32 participants correctly assigned, *p* \< 0.0001). When the classifier relied on connectivity in the δ, θ, and α bands, and was additionally informed by amplitude in the β band, accuracy was highest (94%, 30 out of 32 participants correctly assigned, *p* \< 0.0001). [Fig. 3](#f0015){ref-type="fig"}A shows the confusion matrix for classification based on both amplitude and connectivity features. These results indicate that both spectral amplitude and connectivity can readily be used as metrics to distinguish patients from controls, but the combination of the two types of metrics yields additional information that cannot be inferred from either type of metric in isolation. ROC analysis indicated that the amplitude of all individual frequency bands contributed to the classifier, with the β band showing the highest accuracy ([Fig. 3](#f0015){ref-type="fig"}B, top row). Moreover, connectivity in all but the β band contributed to the classifier ([Fig. 3](#f0015){ref-type="fig"}B, bottom row).Fig. 3Classification of patients and controls. A) Top row, confusion matrix for classification distinguishing patients from controls, based on both amplitude (β band) and connectivity (δ, θ, α bands). Colors indicate the relative number of cases in each cell. Bottom row, associated classifier weights. Filled and open dots show correctly and incorrectly classified individuals, respectively. B) ROC curves and corresponding areas under the curve, indicating the extent to which each frequency band contributed to the classifier. Top row, for spectral amplitude. Bottom row, for amplitude envelope correlations. The area under the curve can be interpreted as the accuracy with which the individual participant/patient\'s group can be predicted based on the metric in that frequency band. The horizontal dotted line indicates chance performance. Error bars denote the 95% confidence interval of the permuted null distribution. \**p* \< 0.05; \*\*\**p* \< 0.001; n.s. non-significant.Fig. 3

A useful clinical diagnostic tool for the diagnosis of DOC does not only distinguish patients from controls, but also provides a reliable indication of the type of DOC within individual patients. Thus, we next set out to investigate to what extent a classifier could distinguish patients that were diagnosed with UWS from those that showed minimal signs of consciousness (MCS). These two types of DOC are most difficult to dissociate based on EEG metrics alone ([@bb0205]), so classification of these two types of DOC provides a good benchmark to test the diagnostic value of amplitude and connectivity. Moreover, the longitudinal study design enabled us to sample an adequate number of measurements at these two LoC from within the patient group to be used for classification.

A classifier that relied on connectivity in the δ, θ, and α bands and amplitude in the β band, identical to the features used above, showed modest but above-chance-level performance in distinguishing the two groups (75% accurate, *p* = 0.018). However, accuracy improved when the classifier only used connectivity in the δ, θ and β bands as features (85% accurate, *p* = 0.001, [Fig. 4](#f0020){ref-type="fig"}A). Thus, connectivity alone was most informative when distinguishing UWS patients from those patients that displayed minimal signs of consciousness. In agreement with this notion, ROC analysis showed that only connectivity in the δ, θ and β bands contributed to the classifier ([Fig. 4](#f0020){ref-type="fig"}B). Control analyses ruled out patient age as a confound, and explored the contribution of individual EEG electrodes to the overall pattern of results (see Supplementary Results). As noted above, for distinguishing patients from fully conscious control participants, the combination of amplitude and connectivity proved to be most informative. Together, these findings raise the hypothesis that changes in amplitude occur when patients transitioned from unconsciousness to consciousness, but changes in connectivity occur at the transition from UWS to MCS. To address this hypothesis, in the next section we explore longitudinal changes in oscillatory amplitude and connectivity metrics across the patients\' course of recovery.Fig. 4Classification between patient groups. A) Top row, confusion matrix for classification distinguishing UWS from MCS patients, based on connectivity (δ, θ, β bands). Colors indicate the relative number of cases in each cell. Bottom row, associated classifier weights. Filled and open dots show correctly and incorrectly classified patients, respectively. B) ROC curves and corresponding areas under the curve, indicating the extent to which each frequency band contributed to the classifier. Top row, for spectral amplitude. Bottom row, for amplitude envelope correlations. The area under the curve can be interpreted as the accuracy with which the individual participant/patient\'s group can be predicted based on the metric in that frequency band. The horizontal dotted line indicates chance performance. Error bars denote the 95% confidence interval of the permuted null distribution. \**p* \< 0.05; \*\*\**p* \< 0.001; n.s. non-significant.Fig. 4

3.2. Frequency band-specific amplitude and connectivity track longitudinal changes in patients\' level of consciousness {#s0065}
-----------------------------------------------------------------------------------------------------------------------

Having established that spectral amplitude and connectivity can be used as reliable markers for the diagnosis of DOC, we next set out to investigate whether spectral amplitude and connectivity track the LoC over the course of patients\' recovery. In the following set of analyses, we used linear mixed models to test if the individual metrics changed across the LoC. We explored linear, exponential, and quadratic changes in all frequency bands. Furthermore, we examined changes in the ratio between α and δ amplitude, as used in prior research ([@bb0035], [@bb0085]). The amplitude and connectivity of all frequency bands for each LoC are shown in Supplementary Fig. 4 and Supplementary Fig. 5.

The ratio between α and δ amplitude increased significantly across LoC (F(2,23) = 4.63, *p* = 0.021). As shown in [Fig. 5](#f0025){ref-type="fig"}A, however, the data suggested that this increase was not linear over time, but instead was relatively stable for lower LoC and then exponentially increased, resulting in an overshoot compared to the control group. Consistent with this notion, including an exponential predictor in the model resulted in a significant exponential effect of LoC on α/δ amplitude ratio (F(1,32) = 6.31, *p* = 0.017), and rendered the linear effect nonsignificant (F(1,40) = 3.40, *p* = 0.073). Thus, the change in the α/δ amplitude ratio across LoC was best captured by an exponential increase instead of by a linear increase. Similarly, β amplitude increased linearly with LoC (F(2,21) = 3.75, *p* = 0.040), but an exponential model best explained the change across LoC (F(1,14) = 11.42, *p* = 0.005; [Fig. 5](#f0025){ref-type="fig"}B). As opposed to a progressive increase across LoC, connectivity in the θ band showed a quadratic relationship with LoC (F(1,45) = 9.05, *p* = 0.024). [Fig. 5](#f0025){ref-type="fig"}C shows that θ connectivity was low for UWS scores, increased for MCS scores, and recovered to normative levels for eMCS scores. No single patient was responsible for the group-level pattern of results, as excluding each individual patient did not change the main findings. In the following, we explore whether amplitude and connectivity also provide prognostic information.Fig. 5Longitudinal changes in EEG metrics. A) The ratio between α and θ amplitude increases with level of consciousness, and shows an overshoot for the patients with higher levels of consciousness. The number of measurements per level of consciousness is indicated by *n.* B) β amplitude increases with level of consciousness. C) θ connectivity shows an inverted-U relationship with level of consciousness. Controls are shown for visual comparison. Error bars denote the SEM. PALOC-s: Post-Acute Level of Consciousness scale.Fig. 5

3.3. Brain-wide connectivity predicts patient recovery {#s0070}
------------------------------------------------------

Thus far we have shown that global amplitude and connectivity can be used as markers for the diagnosis of DOC. Furthermore, frequency band-specific changes in these metrics occur across the course of patient recovery. We next asked if amplitude and connectivity can also be used as reliable prognostic markers. That is, can amplitude and connectivity during a single task-free EEG measurement, conducted upon the patients\' admission to the study, be used to predict the patients\' level of recovery? To do this, we used a classifier to predict each patient\'s outcome diagnosis at the point of discharge from the rehabilitation center. The outcome diagnosis was either UWS, MCS, or eMCS, and thus chance-level classification accuracy was 33%.

When amplitude was used as features, the α band alone yielded the highest classification accuracy (62% accurate, *p* = 0.014). In line with the observations made above, amplitude dissociated relatively well between MCS and eMCS, but performed poorly at dissociating the lower LoC outcome measures ([Fig. 6](#f0030){ref-type="fig"}A). However, connectivity in the θ, α and β bands proved to be more reliable features, resulting in an accuracy of 75% (*p* \< 0.001, [Fig. 6](#f0030){ref-type="fig"}B). Connectivity in isolation also out-performed a classifier that relied on both amplitude and connectivity (69% accurate, *p* = 0.003). Thus, based on connectivity during a single task-free EEG measurement, conducted upon the patents\' admission to the study, it was possible to make a prognosis for patient recovery \~ 3 months later with 75% accuracy. The possibility that variation across patients in LoC at the time of measurement was driving the classifier cannot account for our findings, because LoC during the first measurement and outcome score were not significantly correlated (*r* = 0.33, *p* = 0.21). Additional control analyses ruled out patient age as a confound (see Supplementary Results). These results identify EEG connectivity as a reliable marker of recovery from DOC. As we discuss below, these results also tentatively point to neural mechanisms that may underlie recovery from DOC.Fig. 6Classification of outcome measures. A) Confusion matrix for classification using α amplitude (left), and associated classifier weights (right). B) Confusion matrix for classification using θ, α and β connectivity (left), and associated classifier weights (right). Shades of grey and numbers in the confusion matrices indicate the relative number of cases in each cell.Fig. 6

4. Discussion {#s0075}
=============

In the present study, we examined if and how task-free spectral EEG amplitude and connectivity metrics change over the course of patient recovery, following severe brain injury. Moreover, we examined if these metrics can be used to predict the current (diagnosis) and future (prognosis) LoC of individual patients. Our first key finding is that amplitude and connectivity can reliably be used as diagnostic markers of DOC ([Fig. 3](#f0015){ref-type="fig"}, [Fig. 4](#f0020){ref-type="fig"}). Dissociating patients from healthy control participants worked best when relying on δ, θ, and α band connectivity, and amplitude in the β band. Dissociating UWS from MCS patients was most successful based on δ, θ and β band connectivity. Our second key finding is that task-free spectral amplitude and connectivity do not vary monotonically across LoC, but instead show nonlinear dynamics ([Fig. 5](#f0025){ref-type="fig"}). Specifically, we found that amplitude in the β band, and α/δ amplitude ratio, increased exponentially across LoC, while θ band connectivity showed an inverted-U relationship with LoC. Finally, our findings show that connectivity metrics (θ, α and β bands) are highly robust markers of patient prognosis ([Fig. 6](#f0030){ref-type="fig"}B).

The exponential increase in amplitude (ratio) across LoC is broadly consistent with an account that posits that consciousness recovers only after neural function crosses a critical threshold level ([@bb0015]). Moreover, the inverted-U shaped relationship between LoC and θ connectivity may explain why amplitude and connectivity provide complementary diagnostic information when dissociating patients from controls, whereas connectivity alone is most informative when dissociating UWS from MCS patients. Whereas amplitude (ratio) is stable for UWS/MCS and then increases, θ connectivity deviates most strongly in MCS, but appears normative for UWS and eMCS. Accordingly, the three LoC are each marked by a unique spectral fingerprint ([@bb0215]) that is apparent only when both amplitude and connectivity are considered. This suggests that a successful distinction between the three LoC requires multivariate classification, as we have used here.

A recent account has highlighted the central role of the thalamus in the regulation of arousal through its excitatory connections to the cortex and striatum ([@bb0185], [@bb0195]). According to this account, pathologically elevated slow-wave *amplitude* indicates damage in the thalamo-cortico-thalamic loop. Such damage in the thalamo-cortical system causes a loss of excitatory drive to the cortex and consequently results in a general 'slowing down' of cortical rhythms ([@bb0105], [@bb0195]), consistent with our findings ([Fig. 2](#f0010){ref-type="fig"}a) and animal models of cortical deafferentation ([@bb0155], [@bb0235]). Importantly, combined with the finding of absent pathologically increased *connectivity* in UWS ([Fig. 5](#f0025){ref-type="fig"}C), the pattern of results speculatively suggests a lack of central thalamic coordination of oscillatory activity across the cortex in UWS, potentially due to the loss of excitatory drive from the thalamus to the cortex, or vice versa. Relatedly, the inverted-U shaped pattern of θ connectivity across LoC may explain why connectivity metrics in particular were most informative about later patient recovery. Elevated θ connectivity in UWS patients might be indicative of the relative sparing of projections within the thalamo-cortico-thalamic circuit, and hence the potential for recovery of reverberant excitatory drive and associated high-frequency activity ([@bb0135], [@bb0180], [@bb0190]). However, future research is needed to probe the relationship between the here observed spectral disturbances and thalamo-cortical interactions, as we did not examine such a relationship directly. Nevertheless, the notion that the preservation of thalamo-cortico-thalamic interactions may underlie the recovery of awareness is consistent with findings that the recovery of consciousness is paralleled by a restoration in thalamo-cortical interactions ([@bb0135]), the spread of cortical activity following transcranial magnetic stimulation dissociates UWS from MCS patients ([@bb0030], [@bb0180]), and thalamic stimulation can facilitate behavioral responsiveness ([@bb0190]).

Notwithstanding the potential diagnostic and prognostic utility of amplitude and connectivity metrics, some limitations of the present study should be acknowledged. First, the classifier\'s false negative rate for the purpose of diagnosis as well as for prognosis was higher than the false positive rate ([Fig. 3](#f0015){ref-type="fig"}, [Fig. 4](#f0020){ref-type="fig"}, [Fig. 6](#f0030){ref-type="fig"}), indicating that the classifier was somewhat pessimistic. Ideally, the false positive and false negative rates would be balanced. False negatives in diagnosis based on behavioral criteria have been attributed in part to temporal fluctuations in the patient\'s arousal state ([@bb0175]). This may also be the case for the neural markers employed here. This potential problem could be resolved by close monitoring of ultradian fluctuations in the patients\' arousal state ([@bb0175]). Additionally, in the current study we relied on behavioral scores to assess the diagnostic and prognostic utility of EEG markers, but diagnosis using behavioral criteria may be suboptimal ([@bb0105]). Future studies may further validate the here employed EEG markers by for example using a range of diagnostic criteria. Second, the nonlinear variations in amplitude and connectivity observed here ([Fig. 5](#f0025){ref-type="fig"}) appear to be at odds with earlier reports of monotonic changes across LoC in entropy metrics of cortical interactions ([@bb0125], [@bb0225]). This discrepancy may be explained by the fact that in these studies patients were presented with auditory stimuli, which could evoke synchronous cortical states. Alternatively, the here employed measure of connectivity (orthogonalized amplitude envelope correlations) may reflect qualitatively different network interactions than the metrics used in previous studies. Third, it should be noted that our findings may not generalize to DOC with different aetiology (e.g., due to neurodegenerative disease). Finally, due to the exploratory nature of the current study, our findings strongly call for independent replication, preferably with a larger sample size, to determine the specific combination of features that yields the most accurate diagnosis and prognosis.

In conclusion, diagnosis and prognosis based on amplitude and connectivity from task-free EEG measurements is feasible. These measures can be acquired inexpensively, with low electrode density, at bedside, and are fully independent of the patients\' neurocognitive abilities. Our longitudinal findings in the amplitude domain are consistent with an existing account that proposes that neural function crosses a threshold level prior to the reemergence of consciousness following DOC ([@bb0015]). Furthermore, our findings in the connectivity domain lend support to a recent account that posits that dysfunction in the thalamo-cortical system underlies DOC ([@bb0185], [@bb0195]), and further suggest that neural signatures of thalamo-cortical interactions are predictive of patient recovery. A rigorous assessment of the pathophysiological mechanisms underlying DOC may open the door to diagnostic taxonomies that are independent of behavioral criteria, and facilitate early targeted interventions that are tailored to the individual patient\'s needs.
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[^1]: P = patient; Ms. = participated measurements; F = female; M = male; Age = age at injury; \* = diagnoses based on the medical reports of the acute phase; GCS = Glasgow coma scale at admission hospital; t = endotracheal tube; T1 = time at intensive care unit in days; T2 = time before admission to Rehabilitation Centre Leijpark in days; T3 = programme duration Rehabilitation Centre Leijpark in days; LoC1 = level of consciousness during the first EEG measurement; LoC-discharge = level of consciousness at discharge; *n* = number of measurements for each participant.
